5 6 7 8 9 Abigail B. Waters, awaters2@su.suffolk.edu, 703-975-3449 a 10 Ryan A. Mace, rmace@su.suffolk.edu, 410-917-8239 a Abstract 1 Introduction: Quality assurance (QA) is vital for ensuring the integrity of processed 2 neuroimaging data for use in clinical neurosciences research. Manual QA (visual inspection) of 3 processed brains for cortical surface reconstruction errors is resource-intensive, particularly with 4 large datasets. Several semi-automated QA tools use quantitative detection of subjects for editing 5 based on outlier brain regions. There were two project goals: (1) evaluate the adequacy of a 6 statistical QA method relative to visual inspection, and (2) examine whether error identification 7 and correction significantly impacts estimation of cortical parameters and established brain-8 behavior relationships. 9 Methods: T1 MPRAGE images (N = 530) of healthy adults were obtained from the NKI-10 Rockland Sample and reconstructed using Freesurfer 5.3. Visual inspection of T1 images was 11 conducted for: (1) participants (n = 110) with outlier values (z scores ± 3 SD) for subcortical and 12 cortical segmentation volumes (outlier group), and (2) a random sample of remaining 13 participants (n = 110) with segmentation values that did not meet the outlier criterion (non-14 outlier group).
1 manual correction. These regional volumetric measurements are automatically generated based The primary objective of this study was to investigate whether anomalies in cortical and 7 subcortical volumetric measurements are associated with reconstruction errors, thereby testing 8 the assumption that statistically-based methods can identify images with reconstruction errors. In 9 addition, we investigated whether participant characteristics (age and sex) impacted the odds of 10 reconstruction errors. This study focused on errors where the cortical surface extended into non-11 brain tissues. Manual correction of the white matter surface using control points does not result 12 in significantly different volumetric measurements (McCarthy et al., 2015) ; therefore, errors in 13 delineation of white matter are unlikely to result in statistical outliers. We hypothesized that the 14 outlier images would have significantly more cortical surface errors than those not identified via 15 this method. We did not have a priori hypotheses regarding the influence of participant 16 characteristics.
17
A secondary objective was to determine whether the identification and correction of 18 cortical boundary errors significantly impact established brain-behavior relationships. We 19 investigated whether the association between neurocognitive measures and brain volumes would 20 significantly differ from pre-to post-editing. We expected that some volumes (i.e., precentral, 21 postcentral gyrus) would be more affected by errors than others, given previous literature
22
( Keshavan et al., 2017) . We had no a priori hypothesis regarding the impact of editing on brain- 
Outlier identification and comparison group.

13
Two participant subsamples were identified from the 530 participants that met study 14 inclusion criteria. First, Freesurfer-automated segmentation statistics for subcortical and cortical 15 segmentations were standardized. Next, all participants with z-scores 3 SD above or below the 16 mean for one or more normalized brain volume labels estimated by Freesurfer (66 total automated segmentation brain region variables) were identified as the outlier group (n = 110). 1 This statistically-based identification method was designed to assess the underlying assumption 2 that segmentation statistics can be used to identify incorrectly reconstructed images, which is the The 3 SD cut-off was chosen because 2 SD cut-off was too broad for practical reasons (it 6 identified 311 of 530 images as outliers) and would most likely result in low specificity. If 7 outlier measurements predict error rates, we hypothesized that the more extreme outliers would 8 have greater specificity. Finally, a random sample of participants that did not meet the outlier 9 criterion (i.e., no standardized segmentation brain volumes ± 3 SD) were selected via random 10 number generation for the non-outlier group (n = 110), which served as a comparison group.
11 Table 1 presents the demographic characteristics for both groups, which represent the final 12 sample for data analysis (N = 220). 1 Because almost all of the identified outlier regions were ≥ 3 SD above the mean (only 2 8.2% of outliers were found at least 3 SD below the mean), investigators hypothesized that the 3 statistical method was best suited to identify erroneous inclusion of skull and dura into cortical 4 volumes. Therefore, error identification focused on errors of cortical boundary extension (See 5 Figure 2 for several example images). All brain images were visually inspected using Freeview On average, raters took 70 seconds to visually inspect and identify errors for each image. concluded that these images could not be conclusively categorized as errors of cortical extension.
9
These images were instead categorized as no error images. These ratings were combined with the 10 agreement ratings (181 images) and used in all subsequent analyses. In total, 138 of the 210 11 images had errors (65.7%). data reduction. Volumes were compared before and after editing ( Table 2 ). Nine brain volumes 3 across all edited images showed significant decreases in volume from pre-to post-editing. 1 on the odds ratio, the outlier images were 1.69 times more likely to have a projection error than 2 the randomly selected images. Raters identified 45 out of 220 images (20.5%) in need of further 3 reconstruction that were not detected by the statistical method (i.e., false negative). The 4 statistical method had an accuracy of 60.9%, a sensitivity of 60.5%, and a specificity of 59.1%. differences in error rates between the non-outlier and outlier groups, (X 2 (1, 220) = 10.49, p = 10 0.001), with a medium effect size (Φ = 0.22).
12
Outliers were found in 55 of 66 segmentation volumes. Outliers in the ventricles and 13 surface hole regions were most frequent, as 56.4% of images in the outlier group were identified 14 using statistical outliers in the ventricular, surface hole, vessel, and CSF volumes alone (13 of 66 15 brain region). To verify that ± 3 SD criterion used in outlier identification was not overly 16 stringent, chi-square tests were performed on the 220 error-rated images using the less 17 conservative 2.5 SD and 2 SD cut-offs. Both the 2.5 SD cut-off (X 2 (1, 220) = 10.49, p = 0.001) 18 and the 2 SD cut-off (X 2 (1, 220) = 10.49, p = 0.001) showed significant differences in error rates meeting criteria for a small effect size (0.20 < d < 0.50). None of the associations between and did not meet criteria after editing (r = .19). However, the pre-and post-editing correlations 8 between PCET and the isthmus cingulate volume did not approach significance. 
Discussion
10
The principal findings were that: (1) cortical reconstruction error rates were higher in a 11 group identified by a statistical outlier QA method; (2) reconstruction error rates were too 12 prevalent in a randomly identified non-outlier group to conclude that identification by the 13 statistical outlier method alone was effective; and (3) while post-editing volume estimations were 14 significantly lower in a number of instances, these putatively more accurate volume estimations 15 did not meaningfully impact the outcome of a brain-behavior analysis. To our knowledge, this is 16 the first study investigating the effects of QA error correction on associations between brain and 17 neurocognitive measures. Contrary to our hypothesis that errors would only affect surface 18 structures, we found significant decreases in both lateral and midline structures from pre-to post-19 editing. Regarding participant characteristics, we found that while both age and sex were 20 associated with statistical outlier status. Only sex was significantly associated with error 21 occurrence. T1 images before skull stripping was essential to identifying errors and should be incorporated 13 into QA processes whenever feasible.
14 Errors were defined in this study as extensions of three or more voxels outside the 15 cortical boundary to limit the effects of variability in scan quality that made the barrier between 16 dura and cortex unclear. There were 24 images which had partial or full voxel extensions 17 (typically 1 voxel) that did not meet criteria for an error (Supplemental Figure 1) . These 18 extensions often continued across multiple slides over the top of the cortex. Further research is 19 needed to explore the effect of small but pervasive extensions of cortex.
20
This study utilized open-access structural data from healthy, community dwelling older 21 adults. Given the bias in identification toward images with inflated measures of atrophy, these 22 findings cannot be generalized to clinical populations with increased cortical deterioration. 
